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Effect of powertrain design optimisation methodologies on battery system efficiency
of a hybrid electric vehicle
Abstract
Battery sizing has significant importance for the performance of
hybrid electric vehicles (HEVs). Although several research has been
done over the years for the battery sizing, no research has focused on
battery system efficiency which affects fuel economy. This paper has
investigated battery system efficiencies of different optimum battery
sizes which were optimised using two design optimisation
methodologies. The first methodology considered a single driving
pattern at a time, whereas, the second methodology considered
different driving patterns simultaneously for the optimisation. The
study considered a simulation model of a power-split HEV for the
optimisation of battery size along with internal combustion engine,
motor, and generator. An electric-assist charge sustaining supervisory
control strategy was considered as the energy management. The
maximum speed, acceleration, and gradeability were considered as
design constraints. The optimisation was carried out using a genetic
algorithm. Fuel economy was considered as an objective for the
optimisation. Five standard driving patterns of different traffic
conditions and driving styles were considered for the optimisation.
Battery system efficiency of each optimum design was calculated
over five standard driving patterns. This study found that battery
system efficiency of the design which was optimised over different
driving patterns was on average 2% higher compared to that of the
designs which were optimised over a single driving pattern. This
study shows a direction for the selection of battery size in HEVs for
real-world application.
Introduction
Currently, fossil fuels are the major source to meet world’s energy
demand. It has been predicted that there will be scarcity of fossil fuel
by the mid of 21st century due to decline in fossil fuel reserves [1].
Over the years, research has been going on to reduce the dependency
of fossil fuels. Hybrid electric vehicles (HEVs) are potential
technologies to achieve the goal. A vehicle which consist of at least
two energy sources and one of them is electric, is called HEV [2].
The most popular form of HEV is the combination of internal
combustion engine (ICE), electric machine, and battery. HEVs are
benefitted with higher driving range of internal combustion engine
and lower emission of electric machine.
Battery is an important component for HEVs, as operation of electric
machine depends on it. Battery has lower energy density by weight
compared to conventional fuels such as gasoline or diesel [3]. This
limits the use of battery in vehicle, as higher energy requires higher
size of battery. Therefore, the determination of size of a battery is an
important part of component design of HEVs. Among several
parameters of battery, battery system efficiency is an important
parameter due to its significant influence on fuel economy (FE),
especially for non-plug-in HEVs. Among different parameters of
battery, battery system efficiency has a significant influence in HEVs
due to its effect on FE and electric range [4]. To maximize FE, it is
necessary to know the battery system efficiency. The efficiency of a
battery system is defined as a ratio of energy out to energy in during a
round charging-discharging trip subjected to charging balance during
the cycle, in other words, the SOC at the end needs to be exactly the
same as the SOC at the beginning. The battery system efficiency is
the ratio of discharging to charging current. Lower battery system
efficiency means higher charging current is required compared to
discharging current. As the charging current is generated by the
electric motor which is driven by the ICE, higher charging current
requires longer time of operation of the ICE which lowers FE.
Therefore, powertrain component sizes of HEVs are of significant
importance for battery system efficiency which influences FE.
Sizes of powertrain components could be determined by experiment
as well as simulation. Development and testing of each combination
of powertrain components of a HEV are expensive and time-
consuming [5]. Simulation-based optimisation, where powertrain
component sizes are optimised through a simulation model, is a
preferred cost-effective and time-saving method.
Over the years, research has been focused on the optimisation of
powertrain component sizes [6-12], but no study has investigated the
effect of an optimum design on the battery system efficiency which
affects fuel consumption and electric range over various driving
patterns. Although, one study conducted by Rengui Lu et al.
investigated the battery system efficiency of Ni-MH batteries [13],
the study overlooked the importance of the battery system efficiency
in vehicle level over different driving patterns. Battery system
efficiency over different driving patterns shows the real-world
situation. The study compared system efficiency of Ni-MH batteries
of three different companies.
This paper investigates the effect of optimum powertrain component
sizes on battery system efficiency over different urban and highway
driving patterns. It compares two design optimisation methodologies
[14] considering FE as an objective. Exhaust emissions and cost of
components are not considered for the optimisation of powertrain
component sizes.
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Simulation Study
Vehicle Architecture
This study used a non-plug-in Toyota Prius NHW10 HEV as a
vehicle to demonstrate the methodology. A simulation model of the
vehicle from Warwick Powertrain Simulation Tool for Architectures
(WARPSTAR) [15], based on MATLAB-Simulink, was considered
for the study. The simulation model of the Toyota Prius was
considered as a benchmark vehicle for comparison. The vehicle
simulation model of the Toyota Prius consisted of the following
major parameters.
 Vehicle mass: 1368 kg
 Rolling resistance coefficient: 0.009
 Body aerodynamic drag coefficient: 0.29
 Vehicle frontal area: 2.0 m2
 Transmission: Power-split
 Internal combustion engine (ICE): 1.5 liter, 43 kW spark
ignition
 Generator: 15 kW, permanent magnet direct current
 Motor: 30 kW, permanent magnet direct current
 Battery: 6 Ah, NiMH
 Initial state of charge (SOC) of battery: 0.7
Design Parameters
The components of the Toyota Prius HEV were considered as the
base components for this study. The study considered four powertrain
components (ICE, generator, motor, and battery) and a parameter
(target SOC) of supervisory control strategy. The maximum power of
the internal combustion engine (ICE) (PICE), maximum power of the
generator (PG), maximum power of the motor (PM), and maximum
capacity of the battery (CB) were considered as design parameters to
be optimised. The ranges of the variations of each design parameters
for powertrain components were kept within ±70% of the base
component as listed in Table 1. Different power ratings of the
components during optimisation were achieved by linear scaling of
the performance of the base components. The lower and upper limits
for the parameter (the target SOC) of supervisory control strategy
was kept 0 and 1 respectively i.e., the minimum and maximum
possible values of the target SOC.
Table 1: Range of variations in design parameters
Design parameter Lower limit Upper limit
PICE, kW 12.9 73.1
PM, kW 9.0 51.0
PG, kW 4.5 25.5
CB, Ah 1.8 10.2
Target SOC 0.0 1.0
Problem Formulation
The problem was formulated as a constraint optimisation problem
where an optimum combination of ICE, generator, motor, and battery
is needed to find the optimum FE without sacrificing vehicle
performance.
Constraints
Acceleration, maximum speed, and gradeability were considered as
constraints, so that the performance of optimum components should
not deteriorate when compared to the benchmark vehicle, Toyota
Prius HEV. These performance constraints were as follows.
 Acceleration (0-60 mph) : < 13.4 seconds
 Maximum speed: > 113.3 mile/h
 Gradeability: > 13.8% @ 55 mile/h
 The difference between final and initial battery SOC
(∆SOC): < 0.5% 
The ∆SOC was considered in order to eliminate the effect of battery 
SOC on FE while comparing different designs for FE performance.
In order to eliminate the influence of battery SOC on FE, the initial
and final battery SOC of all driving patterns needed to be same [11].
Supervisory Control Strategy
A rule-based electric assist charge sustaining supervisory control
strategy was considered for energy management [8]. The control
strategy consisted of the following rules.
 The electric motor supplied all the driving torque if the
battery SOC was higher than SOCL and the vehicle speed
was below a certain minimum speed VC or the required
torque was smaller than TC.
 When the required torque was higher than TC and the ICE
ran in its efficient region with the required driving torque,
the ICE produced the torque to drive the vehicle alone.
 When the required torque was higher than the maximum
torque of the ICE at the ICE’s operating speed, the motor
provided the additional torque.
 When the battery SOC was lower than SOCL, the ICE
provided additional torque which was used by the motor to
recharge the battery.
 When the battery SOC was lower than SOCH, the motor
charged the battery by regenerative braking.
SOCL: Lowest desired battery SOC
SOCH: Highest desired battery SOC
VC: Vehicle speed below which vehicle operated electric only mode
TC: Required vehicle torque below which vehicle operated electric
only mode
Optimisation Method
A simple genetic algorithm (GA) which is an evolutionary algorithm,
was considered as optimisation method [16-18]. The GA is a
population based method. It is good at finding global optimum. It
requires neither any gradient information like derivative-based
optimisation method nor solving equations like analytical-based
optimisation methods. The GA has proven its potential in finding a
combination of powertrain components for optimum FE [6, 7].
Each optimisation variable consisted of 8 bits. Single point crossover
was used and the crossover probability was 0.9. The mutation
probability was 0.15. The roulette wheel method was used as the
selection method. The population size was considered 50. The
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number of generation was considered 250, as there was little
improvement of results after 200 generations. The total number of
generations was considered as optimisation termination criterion i.e.,
the optimisation terminated after 250 generations.
Optimisation Approach
This study used model-in-loop approach [19] which is where an
optimisation method works along with a vehicle simulation model
and this is a preferred time and cost saving method. In each
optimisation run, the optimisation method produced a new
combination of powertrain components and FE of that combination
of components was evaluated through the vehicle simulation model.
Based on the FE value, the optimisation method produced a new
combination of components and the procedure continued until the
termination criterion was met.
Design Optimisation Methodology
The powertrain components were optimised using two
methodologies, as discussed in a recent study [14, 20]. In this study,
the methodologies were termed as M1 and M2, respectively. The first
methodology, M1 considered a single driving pattern, whereas the
second methodology, M2 considered driving patterns of different
traffic conditions and driving styles simultaneously for the
optimisation. Following the study [14, 20], standard driving patterns
were categorised into two traffic conditions, namely, urban and
highway. Each traffic condition was further categorised into three
driving styles, namely, conservative, normal, and aggressive. The
study considered one normal urban driving pattern, namely the
Federal Testing Procedure 75 (FTP-75), one aggressive urban driving
pattern, namely the Los Angeles 92 (LA92), one normal highway
driving pattern, namely the Highway Fuel Economy Test (HWFET),
one aggressive highway driving pattern, namely the US Supplemental
Test Procedure 06 (US06) and one conservative driving pattern,
namely the New European Drive Cycle (NEDC) which consisted of
the Urban Driving Cycle (ECE15) as well as the Extra Urban Driving
Cycle (EUDC). The M1 methodology considered each of the five
driving patterns separately for the optimisation and the M2
methodology considered all the five driving patterns simultaneously
for the optimisation.
Battery System Efficiency
The efficiency of a battery system is defined as a ratio of energy-out
to energy-in during a round charging-discharging trip subjected to
charging balance during the cycle, in other words, the SOC at the end
needs to be exactly the same as the SOC at the beginning [4]. The
battery system efficiency can be calculated, as shown in Equation 1.
Battery system efficiency,
        (  ,       ) = ∫                   (  )                        (  )         
∫                   (  )                  (  )          (1)
Where,
        is the battery system efficiency at the given temperature (T)
and SOC
ti is the start time and tf is the end time
                  is battery terminal voltage
                  is the charging current and                         is the discharging
current
Battery system efficiency of each optimum design was calculated
during the evaluation of FE over a driving pattern.
FE of each optimum design was evaluated over the same 5 driving
patterns (NEDC, FTP, LA92, HWFET, and US06) which were
considered for the optimisation of component sizes.
To compare different optimum designs for FE, the initial and final
battery SOC should be same, as the battery SOC is closely related to
the operation of ICE, which is responsible for FE. In this study, the
final battery SOC of each optimum design after the end of each
driving pattern was maintained within < 0.5% of the initial battery
SOC i.e., ∆SOC < 0.5%. The final battery SOC was maintained by 
controlling the target SOC of the supervisory control strategy by trial
and error method.
Results
As per the M1 and M2 methodologies, four powertrain components,
namely, ICE, generator, motor, and battery and a parameter of the
supervisory control strategy, namely, the target SOC were optimised.
The M1 methodology produced five different sets of optimum
designs, one for each driving pattern, whereas the M2 methodology
produced a single optimum design over the five driving patterns. The
optimum designs of both the M1 and M2 methodologies are shown in
Figure 1. The optimum designs based on the M1 methodology over
the NEDC, FTP, LA92, HWFET, and US06 are termed as M1-
NEDC, M1-FTP, M1-LA92, M1-HWFET, and M1-US06,
respectively. The optimum design of the M2 methodology is termed
as M2.
The battery system efficiency of the M2 design are compared with
that of the Toyota Prius, M1-NEDC, M1-FTP, M1-LA92, M1-
HWFET, and M1-US06 designs in Figure 2 and Figure 3. The battery
system efficiency of the M2 design over NEDC, FTP, HWFET,
LA92, and US06 were 90.8, 90.8, 87.2 (Figure 2), 86.1, and 63.9%
(Figure 3), respectively. The battery system efficiency of the Toyota
Prius over NEDC, FTP, HWFET, LA92, and US06 were 90.7, 91.2,
86.3 (Figure 2), 85.4, and 63.0% (Figure 3), respectively. Therefore,
the M2 design had 0.1, 1.0, 0.8, and 1.4% higher battery system
efficiency over NEDC, HWFET, LA92, and US06, respectively
compared to the Toyota Prius. But the M2 design had 0.4% lower
battery system efficiency over FTP compared to the Toyota Prius.
Therefore, the M2 design had on average 0.6% higher battery system
efficiency compared to the Toyota Prius. This indicates the battery of
the M2 design required less charging over NEDC, HWFET, LA92,
and US06 due to 4.3% higher ICE power and 22.0% higher battery
capacity of the M2 design compared to the Toyota Prius.
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Figure 1: Optimum designs
Figure 2: Battery system efficiencies over NEDC, FTP, and HWFET
Figure 3: Battery system efficiencies over LA92 and US06
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The M1-HWFET design failed to operate charge sustaining over
US06, and therefore not considered for comparison and not shown in
Figure 3.
The M2 design had 0.5, 3.3, 2.0, and 3.0% higher average battery
system efficiencies compared to Prius, M1-NEDC, M1-FTP, M1-
LA92, and M1-US06 designs respectively. Therefore, the M2 design
had on average 2% higher battery system efficiency compared to the
designs of the M1 methodology.
Figure 4: M1-NEDC design over US06
Figure 5: M2 design over US06
The M2 design had 15.6% higher battery system efficiency compared
to the M1-NEDC design over US06, as shown in Figure 3. The M1-
NEDC design required more charging compared to the M2 design
over US06 for high speed regions between 100 to 500 seconds, as
shown in Figure 4 and Figure 5. This is due to higher capacity of
ICE, generator, and battery of the M2 design compared to the M1-
NEDC design. Higher motor capacity of the M1-NEDC design also
required higher current.
Although, the M1-US06 design was optimised over US06, the M2
design had 7.7% higher battery system efficiency compared to the
M1-US06 design over US06, as shown in Figure 3. This is due to
9.8% higher ICE power of the M2 design compared to the M1-US06
design. Due to higher power, the M2 design had higher available
power for battery charging for a given load compared to the M1-
US06 design, and therefore required less battery charging in the
higher speed regions between 100 and 500 seconds, as shown in
Figure 5 and Figure 6.
Figure 6: M1-US06 design over US06
The M2 design had the highest battery system efficiency over
HWFET, LA92, and US06 when compared with the Toyota Prius,
M1-NEDC, M1-FTP, M1-LA92, M1-HWFET, and M1-US06
designs. Therefore, the M2 design required less battery charging over
aggressive driving patterns due to the highest ICE power of the M2
design compared to the Toyota Prius and all the designs of the M1
methodology.
All the optimum designs had the highest and lowest battery system
efficiency over NEDC and US06, respectively. Due to steady speed
operation over NEDC, all the optimum designs were required less
charging. Due to higher speed operation over US06, all the optimum
designs were required higher charging.
The higher battery system efficiency of the M2 design might help to
improve FE and electric range of the M2 design compared to the
Toyota Prius and M1 methodology [4] in real-world application.
Conclusions
Two design optimisation methodologies were considered for the
investigation of battery system efficiencies of optimum designs. The
first methodology considered a single driving pattern at a time,
whereas the second methodology considered driving patterns of
different traffic conditions and driving styles simultaneously for the
optimisation. The design based on the second methodology had on
average 2% higher battery system efficiency compared to the designs
based on the first methodology, when compared over 5 standard
driving patterns.
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This study points out that higher capacity of a battery does not always
indicates higher battery system efficiency. The optimum combination
of components are important for higher battery system efficiency
which influences fuel economy and electric range.
For the first time, an investigation has been conducted on battery
system efficiency of different optimum designs when driven over
different driving patterns.
This study shows a direction for the selection of battery size in HEVs
for real-world application.
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